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ABSTRACT

1

On GitHub, contributing to a new project is crucial for a developer
to gain personal growth and maximize impact in the community.
It is known that female developers are often hesitant to explore
the opportunities to contribute to new projects even when they
possess the competence to make valuable contributions. Drawing
from the literature of the competence-confidence gap, we develop a
fresh explanation for this phenomenon. We validate the theoretical
explanation through an empirical study using GitHub’s historical
data. In this study, we identify all female developers ranking in top
5,000 GitHub users. Using the Granger Causality Test, we find that,
for the majority of identified female developers, initiating a pull
request to a new repository is “Granger” caused by the quick increase of followers in the preceding couple of weeks. For most male
developers, our observations show that their new pull requests have
no relationship with the dynamics of follower numbers. The results
indicate that the competence-confidence gap is a threat to female
developers’ contribution on GitHub. The research suggests that
helping female developers to overcome the competence-confidence
gap is critical for encouraging female’s contribution open source
development, as well as growing their reputations and impacts in
the community.

Recent research has made it clear that women are underrepresented
in the software development industry and suffer from various types
of prejudice and bias [43]. According to a recent labor market
census, in 2015, female developers only account for 21% of the
whole software development workforce and earn $19,514 less than
their male peers [14] on average. Many male developers claim that
women are less qualified for software development careers. James
Damore, a former Google employee, wrote a widely distributed antidiversity memo which is full of discrimination towards his female
colleagues [13]. It is fair to say that there are limited opportunities
in today’s corporate world for women to pursue a distinct career
except for a few well-known exceptions [3].
Since the opportunities for formal employment are limited, many
women participate in software development by contributing to open
source development, which is assumed to be a meritocracy-based
system and free of gender barriers [62]. However, the real situation
is not that positive. On GitHub, which is one of the most popular
platforms for open source software development, women own only
less than 5% of projects [19]. There is no woman in the top 100 lists,
measured either by contribution or popularity [44].
GitHub and other open source platforms are indeed sociotechnical systems [6]. It is no surprise that such a platform and its
users inherit the historical biases and prejudice towards women
[60]. While changing the social prejudice and biases is a mission
that may take a few generations, an individual female developer can
be more proactive and make contributions to open source projects,
and grow her impact in the community. However, a regrettable fact
is that female developers are often hesitant to make contributions
to open source projects using the competitive pull-request model
even when they do write better code than males [60]. So, why?
Drawing from the literature on the competence-confidence gap
[27], we develop a theoretical explanation for female developers’
low rate of initiating a pull request to a new project. We argue
that this partially results from the fact that it is not easy for female developers to directly translate competence to confidence.
To establish confidence, in this technical sense, they need certain
levels of social attraction (being liked by the other community
members) [31]. In contrast, male developers can directly translate
competence to confidence irrelevant of social attraction. To validate
this theoretical explanation, we design a mixed-method empirical
study using the historical data from GitHub. We construct a unique
dataset consisting of time series data from 168 manually identified
top female developers and randomly sampled 168 male developers
from the top 5,000 GitHub user list based on followers number.
Through applying the Granger causality test, we find support to
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INTRODUCTION
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the competence-confidence gap and the moderating effect of social
attraction in translating competence to confidence among female
developers. Using the qualitative data of the sampled top female developers, we reveal how they overcome the competence-confidence
gap and become influential.
Our work has significant social implications. First, we confirm
the existence of the competence-confidence gap, which may help female developers better understand the dynamics at play in GitHub
and change any negative self-assessment of confidence and competence. Second, the moderating effect of social attraction allows
potential mechanism interventions and user experience designs for
encouraging female developers’ contributions. Third, while popular media outlets such as Huffington Post [57] provide various
high-level general suggestions for women to overcome competenceconfidence gap, our work suggests actionable and proven effective
strategies specific for open source software development. Lastly,
as our findings reveal that female developers are actually being rewarded for respecting the male-dominated social norm on GitHub,
it reminds us that there is still a long way ahead to truly achieve
gender equality, not only in software development industry but the
whole society.
In summary, the contributions of this paper are as follows:
• Developing a theoretical explanation based on competenceconfidence gap literature;
• Performing an empirical study validates the theoretical explanation through sophisticated data analysis techniques;
• Discussing the mechanism and user experience design implications for encouraging female developers’ contribution
to open source projects;
• Introducing a mature, well-accepted technique for establishing and reasoning causality relationship to software engineering community.
The rest of the paper proceeds as follows. Section 2 introduces
the competence-confidence gap theory, which is the theoretical
foundation of our analyses. Section 3 presents the study design
while section 4 describes how we construct the empirical dataset.
Section 5 summarizes the methods we used to analyze the data.
Section 6 presents the results of data analyses. Section 7 discusses
the implication of the research. Section 8 and 9 briefly introduces
the related work and concludes the paper respectively.

2 THEORY AND PROPOSITION
2.1 Competence-Confidence Gap
Psychology and education researchers have observed that women
are often lacking confidence even though they may already developed competence, identifying the so-called “competence-confidence
gap.” For example, Pomerantz et al. [50] show that even girls doing
well in school suffer a higher level of internal stress from self-doubt
than boys do. Particularly in STEM areas, there is a rich body of
evidence showing that women do not exhibit the comparable level
of confidence with their male peers, e.g., [41, 66].
The competence-confidence gap has little to do with a woman’s
achievement. Even the most successful women often cannot escape
from the trap of competence-confidence gap sometimes. For example, Sheryl Sandberg, COO of Facebook, told The Atlantic in
an interview [36] a year before her book, Lean In, was published:
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Figure 1: The differences between men and women on how
to translate competence to confidence, adapted from [27].

“There are still days I wake up feeling like a fraud, not sure I should be
where I am.” However, the picture of competence and confidence
is totally different for men. In his article “Why Do So Many Incompetent Men Become Leaders?” in Harvard Business Review,
Chamorro-Premuzic wrote: “because we (people in general) commonly misinterpret displays of confidence as a sign of competence,
we are fooled into believing that men are better leaders than women
[10].”
Being confident is important. At the individual level, a person
of low confidence may lose many important opportunities in her
life such as career development. For example, a confident job interviewee is more likely to receive an offer compared with others
who have similar background and skill but less confident [59]. For
organizations, management literature has demonstrated confident
employees often lead to desirable organization outcomes such as
creativity [47], learning orientation [21], and so on. The natural
result of low confidence is inaction. The lack of confidence makes
women unable to fully leverage their competence to achieve career
successes. They are often hesitant to explore new opportunities for
their personal growth and career advancement. Even when they
are capable, they may still need to spend extra effort to convince
herself to take actions [27].
Similar situations exist in software development activities. Based
on data from a software development multinational company, Guillén et al. demonstrates the differences between men and women on
how an individual’s competence “translates” to her/his confidence
(Fig. 1 shows the differences of this translation process). Their theory features the moderating role of social attraction. It is defined
as the extent to which others like an individual and want to bond
with him/her. For women, only possessing competence (e.g., good
software development skills) are not enough to make them confident. Feeling to be liked is also important for them to be confident.
However, for men, whether or not being liked is irrelevant to the
process of translating competence to confidence [27, 57].

2.2

Competence-Confidence Gap in GitHub

As a collaborative software development platform, GitHub is indeed a socio-technical system [6]. Therefore, it inherits the established social norms, values, and even biases existing in our society.
Although GitHub is not a formal organization, its users are likely to
follow the social norms formed in other social contexts [58]. Moreover, many projects on GitHub, particularly the well-established
large ones, adopted the pull request model [35, 61]. The pull request
model is a competitive contributing model that a user’s contribution
is not guaranteed to be accepted [62], hence creates the context
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making its user feel peer pressure and competitions which the users
often experience in their formal organizations.
GitHub implements a set of social mechanisms to encourage
their users’ continuous participation and contributions [33]. In
individual interactions, an important mechanism is the following/follower where a user can follow other users or be followed by
other users. The following/follower relationships are an implementation of social bond [39], which would inevitably lead to the social
attraction. It is natural for an individual who has a lot of followers
to feel that he or she is being liked by other members in the community. Moreover, the evaluations to pull requests, especially the
pull request to the project that a user has no interaction history,
are not purely based on merit but also relates to the social profiles
such as follower numbers [61]. Female developers may have more
confidence to initiate a pull request to a new project after a fast
growth of follower numbers.
Hence, the context of GitHub, though may be different from
formal software development organizations, is analogical to them.
Therefore, we believe that the theoretical framework developed in
[27] is still applicable. We could expect the existence of competenceconfidence gaps among female developers on GitHub while male
developers may be free of it. At the observable behavioral level, we
can expect that: for female developers, initiating a pull request to
a new project happen after a period of quick growth of follower
number, while the dynamics of follower number is irrelevant for
male developers’ decision on trying to contributing to a new project.

2.3
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P1. For the majority of female developers on GitHub, their
pull requests to new projects often happen after a period of
fast increase of followers.
P2. For the majority of female developers on GitHub, their
pull requests to new projects have no apparent relationship
with the past growth of the number of followers.
To empirical validate the theoretical propositions, we need to
find empirical support for the predictions. To do so, we design a
empirical study following well-established guidelines in empirical
software engineering literature, such as Easterbrook et al. [16],
and Kitchenham et al. [38]. The empirical study takes the mixedmethod approach with a sequential exploratory strategy. We employ
quantitative methods to identify evidence for P1 and P2.
Because the question of “true causality” is deeply cultural and
philosophical [54], and the historical arguments between “post
hoc ergo propter hoc” and “cum hoc ergo proper hoc”, statistical
methods, even those contain the word “causality” in their names
(e.g., Granger causality in this study) are mostly about “predictive
causality” [5, 26]. To demonstrate the “true causality”, it has to be
combined with the theoretical reasoning, which is exactly what we
do in the prior section. Hence, by combining theoretical proposition (reflected by its behavioral predictions) developed in section 2
and the Granger causality test, our study completes a DeductiveNomological Model of scientific explanation [30] which essentially
establishes a true causal inference [48]. Hence, we can demonstrate
that the competence-confidence gap is at least a factor of female
developers’ low rate of attempting to contribute to a new project.

The Main Proposition

Based on above discussions, we formalize the main proposition on
the competence-confidence gap in GitHub as follows:
In GitHub, competence-confidence gap is still a widespread phenomenon among female developers. Female developers are often
hesitant to make contributions to new projects using competitive
contributing model (pull-request model). For them, social attraction moderates the translation from competence to confidence.
If they feel that they are being liked in the community (fast
increases of followers), they are more likely to attempt to participating a new competitive project by initiating a pull request.
For top female developers, we can expect that they exhibit some
strategies to overcome the competence-confidence gap. For male
developers, they are less likely to be impacted by the competenceconfidence gap.

We seek to empirical validate the proposition through mining the
GitHub’s historical event dataset. In section 3 through 6, we will
introduce the empirical study design, dataset, analysis methods, and
results. Just provide a brief preview: we do find empirical support
to the main proposition.

3 EMPIRICAL STUDY DESIGN
3.1 Theoretical Predictions
The theoretical propositions indicate the following three observable
behavioral predictions:

3.2

Research Setting

We target GitHub which is one of the most popular collaborative software development platforms. It hosts many important
open source projects such as iPython, Ruby on Rails, and so
on. GitHub’s pull-based development model is different from traditional OSS. On GitHub, typically only a small group of developers
(the core) have access to the main repository and can push their
code directly. All other contributors work in isolation in their local
copies of the repository (forks), and submit their contributions back
for review and integration through pull requests. Therefore, there is
no guarantee that a pull request will be accepted and merged to the
main repository. There may be multiple competing pull requests
for a single work item, hence, the pull request model is a competitive contribution model. It provide an excellent natural setting that
makes the “inaction” caused by lack of confidence and “action” (pull
request) after gaining confidence observable.
We focus on the female developers among top 5,000 users on
GitHub. This is based on three considerations. First, the top 5,000
users only account for 0.02% of GitHub’s over 25M users, thus
they are real elite users. Studying them does not only enable us to
validate the proposition but also helps us identify how top female
developers overcome the competence-confidence gap (if it exists).
Second, most of them have made a number of nontrivial contributions to multiple repositories under the pull request model. Using
pull request data help us to avoid several perils of mining GitHub
repositories [35]. Lastly, from the practical perspective, the distribution of follower numbers exhibits the long tail pattern. When an
individual’s follower number is small relative to her tenure, which
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Figure 2: The data extraction process.
is usually 5 to 8 years, random effects may become significant for
the dynamics of follower numbers. This might hurt the reliability
of the statistical analyses and inferences.

4

DATASET

We construct a unique dataset for the study. The main data source
for the study is publicly-available GitHub data from the GHTorrent [23]. The GHTorrent retrieves GitHub public event from its
timeline and stores the data at a MongoDB database as well as a
MySQL mirror. In this study, we query data from the MySQL dump
of GHTorrent on 09-01-2017. The data dump contains the public
events from 2008 until 2017.

4.1

Data Extraction

Given that the study is only targeting for the top female developers, we decide to identify all female developers in the top 5,000 list
through human judgment. First, a researcher manually examined all
profiles of the top 5,000 developers on GitHub to determine their
gender identifications. In this process, she utilizes GitHub users’
profiles (e.g., name, picture, etc.), linked website, and linked social
media profile (e.g., twitter, Facebook, Linkedin, Weibo, Zhihu, etc.)
to form her judgments. The other two researchers cross-validate the
list of identified female developers and exclude 8 falsely identified
ones. We reach an agreement on a list of 168 females developers. After identifying all female developers, we randomly sample the same
number (N = 168) male developers for the comparison with the
female developers in the data analysis. In total, we have a sample
contains 336 individual subjects.

Fig. 2 depicts the steps of extracting the necessary raw data from
the MySQL dump. The MySQL dump of GHTorrent is downloaded
to a local Windows server and restore into the local MySQL database. By joining two data tables, users and followers, we extract
the unique identification (login), of the top 5,000 developers on
GitHub based on their followers count. The login is directly associated with the developer’s GitHub homepage by access the URL:
github.com/login.

2012, 17, 1, 0
2012, 18, 3, 0
2012, 19, 3, 0
2012, 20, 4, 0
2012, 21, 3, 2
2012, 22, 0, 0
Figure 3: An excerpt of a subject’s data.

4.2

Identifying Top Female Developers

GitHub does not request information about a user’s gender identification. Although there are a few approaches to automatically infer a
user’s gender [63], they are based on data from online communities
such as the Stackoverflow [63] other than GitHub and have not
been empirically validated with GitHub data1 . Terrell et al. suggest
a method that using email to link a user to her Linkedin profiles
[60]. Although this method is high on precision, its performance is
not very good on recall. Particularly for a large proportion of top
female developers from East Asian countries where Linkedin’s penetration is not that high, this method can only recognize a relatively
small proportion of female developers in the top 5,000 list.
1 Vasilescu

et al. (2015) [64] did apply the method in [63] in studying gender diversity
on GitHub. However, instead of performing an independent validation, they referred
the precision results from [63].

4.3

Data Preparation

We use the SQL queries based on subjects’ login to extract data
from GHTorrent. First, we use a joint SQL query to extract the
followers data for each subject from the GHTorrent, which consists all his or her followers’ usernames and the timestamps of the
following relationship established. Second, since we only interest
in the subject’s first attempt to contribute to a project, we query
each subject’ all pull requests to new projects. For each subject,
we store the two query results into separated .csv files. Finally,
through a Python script, we grouped the each subject’s two data
file according to the calendar week (starting from every Monday)
which implicitly reflects her weekly working cycle.
Each sampled subjects’ quantitative data is an ordered list of
4-tuple in the following form:
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<year, week, new followers, pull request to new
projects>
Fig. 3 shows an excerpt of a subject’s data. Let’s take <2012,
21, 3, 2> as an example (marked with gray color in fig. 3. “2012”
is the year. “21” means the 21st week of 2012. “3” indicates the
number of the subject’s new followers in this week while “2” shows
the number of her pull requests to new projects in the same week.
If there is no new followers and new pull request in a week, we
simply fill the third and the fourth elements with “0.” Thus, it is
easy to generate two equal-length time series: one for the number
of new followers by week, and the other for the number of pull
request to new projects by week. Fig. 4 presents examples of these
two time series. For the reliability of the quantitative analyses,
we remove the subjects who initiate pull requests to less than 5
different repositories. This results in a sample consisting of 145
valid female data cases and 153 valid male data cases (total cases:
298).

5

DATA ANALYSIS METHOD

To establish the relationship between the follower growth and the
pull request to new projects, we conduct a set of quantitative analysis. First, for each identify top developer (both male and female
developers), we performed the Granger causality test on the time
series of new pull requests and the time series of acquiring followers. Then, we conduct the Chi-square test of Goodness-of-Fit to
examine the difference between the male and female sub-samples.
All statistical analyses are performed with R 3.4.1 [51] for macOS
High Sierra (version 10.13.1). We follow the American Statistical
Association’s principles to interpret the statistical results [65].

5.1

Granger Causality Test

In his seminal paper, Nobel Prize in Economic Science Laureate
Clive Granger [24] developed the idea of Granger causality. The
notion of Granger causality is simple: for two time series X and Y ,
if lagged values of X help predict current values of Y in a forecast
formed from lagged values of both X and Y , then X is said to
Granger cause Y . In this study, we want to investigate if initiating
a pull request to a new repository is “Granger” caused by the fast
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increase of followers in a prior period. Hence, the two time series
X and Y for analysis are each subject’s dynamics of followers and
dynamics of pull requests to new repositories. We have developed
constructed these two time series in the data preparation step (see
section 4.2 and Fig. 4). Without the loss of generality, let’s name the
two series as: Follower and PR. To perform Granger causality test,
the following model is estimated with the Ordinary Least Squared
(OLS) method:
PR t = µ +

L
Õ
i=1

α i PR t −i +

L
Õ

βi Follower t −i

i=1

(1)

L = max . no. o f laдs, L = 4 in our study
The model specified in Eq. 1 contains two parts. The first is
ÍL
the auto-regressive part ( i=1
α i PR t −i ), which indicates the relationship with its own prior periods. The second is the causal part
ÍL
βi Follower t −i ) related to the other time series, i.e., dynamics
( i=1
of followers. Obviously, the null hypothesis (H 0 ) is: β 1 = ... = β L =
0 which means that the pull request at time t has nothing with the
changes of followers in prior periods. Fig. 4 show an example of
two time series where the Granger causality test is significant.
One important issue in Granger causality test is determining
the optimal “L”, and we design and conduct a small experiment to
determine the optimal lag. We randomly select 50 data cases. For
each, we run Granger causality test with lags in the range of [1, 8].
17 cases (highest in all 8 possible lags) achieve the best AIC when
L = 4 while 42 cases achieve best AIC when the maximal lag is in
the range of [1, 4].

6

RESULTS AND FINDINGS–SOCIAL
ATTRACTION MATTERS!

We report the results and findings from the quantitative analyses in
this section. They provided general support to the two predictions
derived from the theoretical proposition. The predictions include
the existence of the competence-confidence gap. Thus, the validity
of the theoretical proposition is supported in the context of GitHub.
For each subject in our sample, we run an independent Granger
causality test with the maximum lag (L in Eq. 1) is four, which means
we consider the impact of follower number’s change within four

Figure 4: A subject’s (Fig.5-subject 23 in the rank 1-1000) two time series showing Granger Causality. Please note that, we only
show the data from 2015 to 2017 to make the plot more readable. Note that the peaks in the pull request (the second plot) often
appear in a few weeks after the local peaks in the dynamics of followers (the first plot).
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Note: Each hollow dot represents the subject’s granger causality test result is significant (p < 0.05) at the specific lag represented by the dash line.

Figure 5: The results of Granger causality tests for the 145 top female developers with laд up to 4 weeks). The hollow dots denote
significant at the 0.05 level. For the convenience of visualizing the results, we organize them into 5 subgroups according to their
rankings in the top 5,000 list.
weeks. In total, we perform 298 (145: female, 153: male) independent
Granger causality tests.
Fig. 5 reports the Granger causality test results for the 145 female
developers. In this diagram, we organize the sample into five subgroups based on intervals of one thousand follower ranks. In each
subgroup, there are four horizontal dash lines representing 4-week
intervals when the laд in the range of [1, 4], and each vertical set
represents an individual subject. If there is a hollow dot on the dash
line of a specific laд, it indicates that the Granger test result of this
subject is significant at the laд order of i (in Eq. 1 βi , 0). The
“significance” means for this subject, followers increase in the week
t − i are likely to Granger cause pull requests to new repositories in
the week t. Let’s take the 8th subjects in the third subgroup as an
example, there are two hollow dots lying on the two dash line for
lag 1 and lag 2. It indicates that the subject’s pull request in week t
is Granger caused by the follower increase happened in the week
t − 1 and t − 2.
In total, 73 female data cases are significant at least on one of
4 possible lags in the Granger causality test (at least one p < 0.05
for βi , 0). In the first (1-1000) and second (1001-2000) subgroups,
about half of the subjects are significant (17 out of 36: 47.2% and
12 out of 24: 50%). The third and forth group of subjects have a
slightly higher significant rate (20 out of 34: 58.8% and 18 out of 29:
62.1%). However, the last subgroup has the lowest significant rate
(7 out of 22: 31.8%). This is because there are too many “0” in the
time series of follower increase by week which makes the Granger
test maybe not effective. For all these 73 cases that have at least
one significant, there are 160 significant βs. Almost all of them are
greater than 0 (154 out of 160: 96.25%). It suggests that the fast

increase of followers has a positive effect on making a pull request
to a new project. Moreover, it is obvious that week t − 1 and t − 2
have a stronger effect than weeks t − 3 and t − 4 for they account
for the majority of significant results (102 out of 160: 63.75%).
For comparing the differences between the male and female
sub-samples, we perform the Granger causality test on 153 male
data cases. There are only 26 out of 153 (17%) male data cases
have significant results, much less than the female ones (73 out
of 145: 50.3%). We do not visualize the results as what we do for
the female data cases (Fig. 5) to keep the conciseness of the paper.
To statistically examine the differences, we code each individual’s
Granger causality test results into a 0-1 variable (0: Not Sig., 1: Sig.)
and put it into corresponding gender groups. For female developers,
there are 73 “1” and 72 “0”. For male developers, there are 26 “1”
and 127 “0”. It is obvious that both are Bernoulli sequences. Then,
we use Chi-square test of Goodness-of-Fit to test whether the two
sub-samples follow the same Bernoulli distribution. The results
strongly support that the results of male and female sub-samples
are from different Bernoulli distributions (χ 2 = 119.26, d f = 1,
p − value = 2.2e − 16).

7 DISCUSSION
7.1 Inherited Bias towards Female Developers
Based on our dataset of top 5000 developers, we found that only a
very small percentage (∼3%) of developers are female. The whole
culture and social institution are male-dominated [37]. Although
the strategies summarized in section 6.2 are proven effective, an
unpleasant fact is that the most of these proven effective strategies
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adopted by the top female developers are catering to the existing, male-dominated social norms and historical prejudice towards
women. By respecting gender social norms and fitting themselves
into the gender stereotypes, they are rewarded in some way, e.g.,
have more followers. In fact, this type of follower/following relationship is similar to that on Twitter or Instagram. Doing so actually
reinforces the bias and prejudice towards female developers. There
is a natural tendency for people to behave according to their perceived social norm rather than their own belief [58]. To alter this
situation requires tremendous effort to reshape the existing social
value and norms [46]. There is still a long way to go for the software development industry to appreciate women’s competence and
technical contributions.

7.2

Strategies to Overcome the Gap

Top female developers use multiple strategies to overcome the
competence-confidence gap. Compared with the men, women tend
to care more about altruistic reputation accumulating by helping
others and are often judged by such behaviors [17, 67]. Our observation suggests that top female developers take advantage of that
to improve their reputation. One of the major actions is participating the knowledge-sharing projects which produce documentation,
tutorials, open textbooks, and others to help the community but do
not produce software systems [35]. By participating these projects,
they gain the reputation as helpers in the community, which fits
the gender social expectation. Moreover, these knowledge-sharing
projects are less technical, so even when the female developers
underestimate their capability, they may still feel confident to contribute to these projects. Most of such projects do not adopt pull
request model. Thus they are less competitive without extra barriers
to contribute. Women, who often hold themselves back in competitive environment [45], would feel more comfortable to contribute
to these projects.
These projects, although are often being neglected, are important
for the software development [15], and appreciated by the many
developers, particularly the newcomers [56]. Hence, female developers can receive a lot of attention in a relatively low barrier way
through launching or participating knowledge-sharing projects.
Their followers may increase and hence social attractions may be
improved. Thus, a female developer will have more confidence to
contribute to a new competitive project.
A more comprehensive qualitative study on publicly available behavioral traces and user interviews is expected in future work. We
plan to explore multiple strategies used by top female developers to
overcome the confidence gap, and the responses from the community. The follow-up study would help self-underestimated female
developers identify immediately applicable ways to participate the
community more proactively.

7.3

Design Implications

The current design of GitHub does not take gender differences into
account. The reputation mechanisms and user interfaces are identical for both male and female users. As we mentioned before, the
literature suggests that women are more concerning about altruistic
reputations [67]. The altruistic reputations are often neglected and
less recognized by the community. For example, a user spending
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a lot of efforts to write beginner’s guide for Reactive.js perhaps
does not gain the comparable level of reputation compared with
those who spend equal time on contributing code to Reactive.js.
It may be worth to try implementing a reputation system based
on altruistic contributions. Pull-request model has well facilitated
scaling up, but it gives advantages to men who are tend to prefer a
more competitive environment and creates barriers women who
care more about helping each other in a less competitive environment. How to improve the pull request model to ensure the gender
fairness is an open challenge. An immediate but not complete remedy may be designing a reputation system based on pro-social
behaviors and highlighting it in a user’s profile.
Another design alternative is to leverage behavioral economics
theories to build adaptive user interface for women. Prospect theory
[34] claims that people are less sensitive to their gains than their
losses. Since female developers’ confidence to contribute to a new
project related to the increase of followers. We can design interfaces
that highlight the “gain” of new followers, for example, adding a
widget repeatedly showing the names of new followers added in
last week to a female user’s own profile page. Through such an
intervention, her “gains” may be reinforced, hence it may help to
boost her confidence towards contributing to a new repository.
Moreover, our results suggest that only follower increases in the
past two weeks have significant effects in most cases, partially
because our cognition and memory system cannot trace back too
much. It might be helpful to design some user experience to help
the users recall the follower increase happens more than two weeks
ago. Using behavioral economics in user interaction design is an
emerging paradigm in human-computer interaction community
[29, 40, 68]. We believe that it can help to tackle the competenceconfidence gap.

7.4

Methodological Implications

One of the contributions of the paper lies in its methodological
value. Software engineering is increasingly concerned with “theory”
because the theoretical knowledge provides a crucial counterpoint
to the practical knowledge represented by specific processes and
techniques [52]. Among many types of theories, theories of scientific explanation–the elucidation of causal relationships among
variables or events–are the central aim [48]. Particularly, for software development processes consist of events/activities which have
sequential/temporal features. Reasoning causality among these
events has its unique value on developing solid theoretical software
engineering knowledge. However, establishing causality is often
very hard [49].
The method we used in this paper, propose an appropriate way
to extract causal relationship from empirical data that has temporal
features2 . The method has two steps. In the first step, researchers
may start from existing theories, e.g., confidence-competence gap
and social attraction model in this paper, then deduce theoretical expectations or hypotheses in a specific scope, e.g. P1 and P2
in section 3.1. The second step contains collecting relevant data
within the scope and using proper statistical techniques to validate
2 We

do not cover the epistemological discussion in this paper. Instead, we take a
pragmatic position to focus on introducing the method. Interested readers may refer
Carl Hempel’s classics book [30]
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the propositions. If both events (cause and effect) are time-related
and can be represented as panel data, Granger causality is often
a good choice. The method has potential to be used to reasoning
causality for a wide range of phenomena in software engineering
practices. The theory development and statistical analyses give
a live example of how to apply it. For instance, let’s suppose a
researcher attempts to build causality between positive emotion
in software development teams and productivity improvements.
She may first pick some existing theories related to emotion and
team performance e.g., [2]. Then, she should carefully apply them
in the context software development teams to deduce theoretical
predictions/hypotheses. Then, for each team in her dataset, she
can construct two time series, one is team’s emotion dynamics
and the other is periodically measured productivity indicators. By
applying Granger causality test, she may either accept or reject the
hypotheses. The acceptance of the hypotheses indicates the establishment of the causality while the rejection means the causality
may not valid. However, as every research methods for causality
inference, the method and corresponding statistical analyses used
in our paper have its own limitations and restrictions [25]. Hence,
We urge caution for applying the method and Granger causality
test to develop causal relationships in readers’ own research.

7.5

Threats to Validity

Any empirical study is subject to a number of threats to validity.
Validity of extraction of information from GitHub data can be
threatened in a way similar to digital traces [32] or put in “peril”
by concerns related to mining GitHub data [35]. We expended a
great deal of effort to avoid the threats above by various means. For
example, we use human judgment on multiple data source include
linked external information rather than apply machine learning
methods to identify the top female developers on GitHub, and
perform cross-examination by different researchers. Focusing on
pull requests helps us to avoid multiple perils in [35]. Furthermore,
to reduce the threats related to analysis methods[7], we use wellestablished time-series analysis and other statistical methods. The
interpretations of the statistical analyses follow ASA’s guideline
and principles. We provide a discussion on the relationship between “true causality” and “Granger causality” in the study design
and gives further discussions on methodological issues related to
causality inferences in section 7.4.
We use manual effort to identify the top female developers. The
decision is made based on several practical considerations. First,
even the automated methods are usually high in precision, their
performance on recall is not quite well. Given the fact that there
is only a very small proportion of the female developers in the
top-5,000 list, they cannot help us develop a dataset that is meaningful for any statistical analysis. Second, a substantial proportion
of the top female developers are from East Asia, particularly China3 .
Their social media profiles are often in their native language, hence,
gender inference methods based on social profiles [60] may not
work well. Last, a number of developers gender identity requires
substantial human judgments on very subtle details. For example,
3 China continuously has high female workforce participation rate even compared
with the industrial economies, see https://data.worldbank.org/indicator/SL.TLF.CACT.
FE.ZS.
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a male developer’s profile picture, blog, and weibo (a China microblogging service) all suggest that he is a “woman”. The only cue
enabling us to correctly identify his gender is a sentence disclosing
that he is a crossdresser [伪娘]. For our study only focuses on a
few hundreds of top female developers, the scale of the data is not
our major concern. Hence, manually identifying the top female
developers is the best available choice and guarantee the validity. The control group of male developers is constructed through
one-shot random sampling. For the purpose of comparisons, it is
sufficient because we use the whole sample of female developers in
the top-5,000 list without any selective filtering. However, there are
some fine-grained techniques to improve the process of sampling
the control groups. These techniques include controlling factors
such as tenure in GitHub, location, etc. Multiple random sampled
control groups for repeated analysis will also help to improve the
already high validity.
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RELATED WORK

Beyond the popular media and statistics from public surveys, formal
research also confirms the situation that women are underrepresented in the software development industry, and in almost all
major economies. Ironically, information technology, which was
viewed as an opportunity for women in early 2000s, reproduces
and strengthen gender inequalities seen in the broader fabric of
society [53]. For example, female staffs in large software companies
in Germany were assigned to support positions, such as project
management or quality assurance, while their STEM backgrounds
qualify them for higher-paid technical positions. To help remedy
this situation, researchers have done a great deal of work to promote
women’s participation in software development. For example, Gorriz and Medina [22] suggested that software games can promote
women’s engagement in computing. Gweon et al. [28] explores
design concepts and principles to engage girls in learning programming through different media and interaction techniques. Studies
such as [11] attempt to identify the social and psychological factors
deterring women’s participation. Retention of female developers is
also often discussed as an issue [12].
Software engineering researchers have developed engineering
approaches to help improve the inclusiveness of women in computing. Burnett and her colleagues have developed a family of Gender
HCI techniques to make the end-user development more gender
inclusive, e.g., [4]. Recently, they proposed GenderMag approach
and applied it to software product teams in Microsoft [9]. It helps
software professionals realize and evaluate gender inclusiveness
of the software that they are building. A longitudinal study on the
effectiveness of this method is reported in [8]. Inspired by research
in Machine Learning area, fairness test, a newly presented idea
of testing software for discrimination, could also help with challenges of inclusiveness although it is designed for multiple type of
biases[20].
Besides, there are empirical evidence clearly demonstrate that
increasing gender diversity in software teams does not only have its
ethnic/moral necessity but also lead to pragmatic values. Vasilescu
et al. [64] shows that gender diversity has positive influence on
team’s productivity. Aué et al. [1] suggests similar results that social
diversity does contribute to project growth. While these studies

Competence-Confidence Gap
prove the benefits of increasing gender diversity, a reluctant fact
is that females’ participation is still quite peripheral [18]. Moreover, a recent study confirms that over 80% of the barrier types for
newcomer include attributes that are biased against women [42].
Hence, creating a path and lowering barriers for female developers’
self-guided personal development is critical for them to achieve
their own technical distinctions and for the community to benefit
from gender diversity.

9

CONCLUSIONS

Encouraging participation of female software developers in projects
is an important goal. Understanding the causes of the low participation will help us to find better solutions. In this paper, we develop
a theoretical explanation for why well-qualified female developers
have a low rate of initiating pull requests to a new project under
GitHub’s pull request model. The theoretical explanation features
the competence-confidence gap among female developers and the
moderating role of social attraction. We designed and conducted
a mixed-method empirical study to validate the theoretical explanation. Further, our analyses also identify the strategies used by
the top female developers on GitHub to overcome the competenceconfidence gap by achieving greater social attraction within the
community. Our results also indicate a set of mechanisms and user
experience design implications that can support female developers
in overcoming the gap. To the best of our knowledge, this is the first
work that provides a theoretical explanation and empirical evidence
for female developers’ low rate of attempting to contribute to new
projects on GitHub through the lens of the competence-confidence
gap and social attraction. The study opens rich future research
opportunities of leveraging mechanism and user experience design
to help female developers overcome the competence-confidence
gap. We plan to continue our work in these directions. Moreover,
our work immediately leads to a critical question about the current
software engineering education practices, which are gender insensitive and only focus on helping students develop technical skills.
That is: how to design innovative educational programs that help
female students build confidence? Researchers, including ourselves,
should continue to push the research in this direction.
We acknowledge that the problem investigated in this study is
only a small part of the broader problem of empowering women
who are historically social and economically undermined in maledominated society. Fixing the problem requires tremendous efforts
from the whole world and may take a few generations. We would
like to end the paper with Annie-Marie Slaughter’s message in [55]:
“If women are ever to achieve real equality as leaders, then we have to
stop accepting male behavior and male choices as the default and the
ideal. We must insist on changing social policies and bending career
tracks to accommodate our choices, too.”
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